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Abstract. Information available on company websites can help people navigate 
to the offices of groups and individuals within the company. Automatically re-
trieving this within-organisation spatial information is a challenging AI problem 
This paper introduces a novel unsupervised pattern-based method to extract 
within-organisation spatial information by taking advantage of HTML structure 
patterns, together with a novel Conditional Random Fields (CRF) based method 
to identify different categories of within-organisation spatial information. The 
results show that the proposed method can achieve a high performance in terms 
of F-Score, indicating that this purely syntactic method based on web search 
and an analysis of HTML structure is well-suited for retrieving within-
organisation spatial information. 
Keywords: HTML pattern, Search Engine, Spatial information Extraction. 
1 Introduction 
When navigating to new locations, such as an office within a large organisation, peo-
ple typically use many different cues to help them and often visit web search engines 
for extra information prior to performing navigation in the real world. Company web-
sites are typically the first place people will look for information about where an or-
ganisation is physically located, as well as where groups of people and individuals 
within the organisation are located, and any extra information about how to get there. 
Automatically retrieving information from such an unstructured source is a challeng-
ing AI problem, which could be useful in autonomous navigation systems for robots 
or mobile apps that provide navigation directions for pedestrians. 
Typically, address and location information is formatted or tagged in a particular 
way to make it easier for people looking at the website to find, but this is not always 
the case. Other sources of navigation information include GPS, which can benefit 
large-scale navigation through road networks, but is less useful at a building scale, 
and spatial databases like GeoName (www.geonames.org), which include high level 
spatial information, including country, city, and suburb, but not within-organisation 
location information such as campus, building, floor, and room information. 
While traditional robot navigation involves constructing detailed maps that can be 
used for navigation to known locations, robotic systems have recently been developed 
that use symbolic spatial information such as gestures [1], route directions [2, 3], and 
floor plans [4] to aid navigation to new locations. As yet, automated navigation sys-
tems do not take advantage of the spatial information available on the web, including 
within-organisation location information, maps such as floor plans and campus maps, 
and natural language directions, partially due to a lack of automated methods to ex-
tract this information. 
In this paper we introduce a novel unsupervised pattern-based method to extract 
within-organisation spatial information by taking advantage of HTML structure pat-
terns, together with a novel Conditional Random Fields (CRF) based method to iden-
tify different categories of within-organisation spatial information. The methodology 
(see Fig. 1) includes HTML structure pattern learning (described in Section 2), spatial 
information extraction (described in Section 3), and spatial information tagging (de-
scribed in Section 4). We present the results of a study extracting and tagging office 
locations of academics from two different universities in Section 5, and finish the 

























Fig. 1. – Overview of the locating within-organisation spatial information methodology. 
2 HTML Structure Pattern Learning 
Previous location information extraction methods either use text-features including 
Name Entity Recognition (NER) and address keywords [5], or the visual or layout 
difference between two text blocks [6-9] to find relevant text blocks. However, the 
address keywords are domain-dependent and NER can produce incorrect results, 
while visual or layout features fail when there is not much visual or layout difference 
between two text blocks, for example, similar background colour and font size, or the 
web page mainly contains plain text. The proposed pattern-based extraction method 
described in this section is unsupervised by using frequent HTML structures rather 
than the content of a web page or any pre-specified user pattern. 
The common HTML structure patterns in which spatial information is organised on 
general web pages were found using the statistics of the HTML patterns in the train-
ing data set (the top-100 search results by issuing a query “allinurl:/com.au/contact” 
to Google, see Table 1). Most spatial information appears in the form of multiple 
lines. Among multiple lines, the most frequent pattern is the “<p>-<br>” HTML 
structure. The second most frequent pattern is the table structure, that is, a HTML tag 
<table> and sub-tags <tr> (table rows) and <td> (table data). Lastly, “Others” in-
volves the situations where the spatial information is displayed with visual difference, 
for example, different font sizes or background colours from context, rather than fre-
quent structure patterns. Similar patterns are observed in the single line scenario.  
Consequently, the two frequent HTML patterns (<p>-<br> and table) are used as 
frequent structure patterns for the methods described in the following sections. 




90.8% Table 15.4% 
Others 16.9% 
Single line 9.2% 
3 Spatial Information Extraction 
There are two steps involved in the within-organisation spatial information extraction 
from the web: (1) retrieving relevant web pages and (2) extracting spatial information. 
Two set of queries are constructed to retrieve relevant web pages for a person:  
1. General query – a person’s name or a person’s name + university name. This type 
of query is to retrieve general web pages related to a person’s name. 
2. Spatial query – a person’s name + spatial cue. The spatial cue is selected from the 
set “address, location, contact, office, about”. A spatial query aims to find web 
pages containing the within-organisation spatial information. 
For each name, the two general queries and five spatial queries are issued to the 
Google Search API. Top-50 results are collected for each query. As there can be over-
lap between search results of different queries on the same name, it is necessary to 
remove duplicates and re-rank the search results. Two factors are considered: (1) rele-
vance in individual search results and (2) popularity among different search results. 
For calculating relevance, we assign a score for each search result based on its rank 
position with the web page at the rank position 1 assigned a score of 5.0. We reduce 
the score by an interval 0.1 for each ranked search result, from the second ranked 
result, which is assigned a score of 4.9, to the 50th rank search result, which is as-
signed a score of 0.1. Popularity among different search results in related queries is 
measured by merging individual search results and adding together the scores.  
The two frequent HTML structure patterns identified in the previous section are 
used to extract spatial information from the collected web pages. For the “<p>-<br>” 
pattern, there are four variations based on Jsoup selector: (1) div[class~=.?content.?] 
p:has(br); (2) div[class~=.?contact.?] p:has(br); (3) p:has(br); and (4) address:has(br).  
Patterns 1 and 2 are designed to find “<p>-<br>” structures nested inside the 
HTML tag <div> that have an attribute “class” with its value containing word “con-
tent” or “contact”. The attribute “class” with value “content” or “contact” often indi-
cates that the <div> tag defines the main content or the contact section of a web page. 
Thus, patterns 1 and 2 ensure only selecting “<p>-<br>” structures located in the 
main content or the contact section of a web page. Pattern 3 can select “<p>-<br>” 
structures that are not nested inside another HTML tag. It can capture “<p>-<br>” 
structures without embedded design. Pattern 4 can extract “<p>-<br>” structures in-
side the special tag <address>, which is used to store location or address information. 
For the “table” pattern, two instances are designed and used: (5) dl; and (6) ta-
ble:has(tr). Pattern 5 is designed to extract any description list (DL) structure inside a 
web page. Pattern 6 can select any table structure within a web page. Patterns 5 and 6 
will cover both flat and embedded DL and table structure.  
4 Spatial Information Tagging 
Classification using Conditional Random Fields (CRF) [10] can use a domain-
dependent ontology [11, 12] or use many NER and address keywords for training a 
classifier [5]. The proposed CRF-based method presented in this section for assigning 
categories to the extracted spatial information uses the CRF model [10, 13] but utilis-
es only a few low-level lexical and syntactical features. 
The extracted spatial information is presented as input to the CRF in the form of a 
set of sequential words X = {Xi} (i=1,2,...,|X|). The CRF is trained to find the correct 
category Yi for each Xi. In order to train CRF, a label scheme was designed to identify 
categories in extracted spatial information with four types of category label (see Fig. 
2): campus (CA), building (BU), level (LE), and room (RO). For example, for the 
extracted spatial information “Gardens Point, O Block Podium Level 4 453” the fol-
lowing fine-grained categories should be identified: Gardens Point –> Campus; O 
Block Podium –> Building; Level 4 –> Level; 453 –> Room. 
 
Fig. 2. – Label Scheme Hierarchy. 
As labels may contain multiple words, the IOB2 notation with two position labels 
is used, that is, begin label (B) and inside label (I). For example, a phrase of two 
words of category campus (CA) is represented by the beginning of the chunk (B-CA) 
and the inside of the chunk (I-CA) to indicate two positions. Words that do not belong 
to any of the four category labels are tagged by O labels. With the designed labels, 
extracted spatial information is manually tagged for training and testing CRF, in order 
to generate the datasets.  
To identify different categories of spatial information, rich features, including tran-
sition features and syntactic features, are utilised in the CRF model. A transition fea-
ture indicates label transition between adjacent states in the CRF. We only use first-
order transition features in this work. A syntactic feature can be either lexical or Part-
of-Speech (PoS). A lexical feature is a binary feature that indicates if a specific word 
co-occurs with a label. We generalise this feature to n-grams by applying a sliding 
window. Each word of the input sequence 𝑤1:𝑛 is sequentially viewed as the centre of 
a window with size n (we have used n = 2 in the models used in this paper). The PoS 
feature indicates whether a label occurs depending on the part-of-speech of the cur-
rent word. The PoS feature is extended from the current word to its neighbourhood 
with a size of n (we use in this paper, n = 2).  
5 Experiments 
In the study presented in this paper, academic’s names from two universities (QUT 
and UQ) were used to retrieve relevant webpages, extract the related within-
organisation spatial information using the proposed spatial information extraction 
method, and the outputs were tagged using the proposed CRF-based tagging method. 
5.1 Data Set 
The names of 80 academics were used to build a data set, 60 from QUT Gardens 
Point Campus and 20 from UQ St Lucia Campus. The academics were located on 
various levels of four buildings on QUT Gardens Point Campus (O, P, S, and Y) and 
two buildings on UQ St Lucia Campus (47 and 78). To evaluate the pattern-based 
extraction method, true positive search results were identified. A search result was 
judged as true positive only if it contained the correct organisation-level room infor-
mation with clear context information. As only a few websites provide the required 
spatial information (typically personal homepages or official university staff pages), 
there was little within-organisation spatial information available on the web: 0.621% 
of 9667 pages retrieved for the 60 QUT academics and 0.526% of the 3419 pages 
retrieved for the 20 UQ academics were true positives. For two of the UQ academics 
none of the webpages retrieved contained any relevant spatial information. We use the 
true positives as our ground truth to evaluate the proposed method in the following 
section. 
5.2 Results 
For the pattern-based extraction method, very high precision was achieved, with all 
extracted spatial information containing relevant within-organisation spatial infor-
mation (see Table 2). The high precision demonstrates that the HTML structure pat-
terns are very effective for extracting spatial information. High recall was also ob-
tained for names from QUT. The reason for lower recall for names from UQ is that 
within-organisation spatial information for some UQ academics appears as unstruc-
tured sentences of paragraphs and does not follow one of the common patterns.  
For the CRF-based tagging method, higher precision and recall is achieved for 
names from QUT compared to names from UQ (see Table 2). This occurs due to the 
availability of more training data for QUT entities than the UQ data set. Furthermore, 
combining QUT and UQ data (All) achieves the best performance with very high 
precision, recall and F-Score. These results show the effectiveness of the proposed 
CRF-based tagging method. 
Table 2. – Precision, Recall and F-Score of the Proposed Pattern-based Extraction Method and 
CRF-based Tagging Method. 
 Extraction Tagging 
 Precision Recall F-Score Precision Recall F-Score 
QUT  1 0.984 0.992 0.889    0.889 0.889 
UQ  1 0.833 0.909 0.454    0.519 0.462 
All  1  0.956 0.978 0.951    0.914 0.926 
6 Conclusions and Future Work 
In this paper, we proposed a pattern-based extraction method to identify within-
organisation information from the search results returned by a search engine in re-
sponse to user queries. In order to identify different types of spatial information, a 
CRF-based tagging method is proposed by assigning different labels to the extracted 
spatial information. Experiments using data from two different universities have 
shown that high accuracy performance (i.e. F-Score) can be achieved for the proposed 
pattern-based extraction method and CRF-based tagging method. The results have 
shown that a purely syntactic method based on web search and an analysis of HTML 
structure is well-suited for retrieving within-organisation spatial information. 
Our previous robot work used floor plans and door label information to guide a ro-
bot to a goal location specified by room number [4]. In future work, the goal could be 
a person’s name, with the system determining the campus, building, level, and room 
using the methods described here. Future work also includes investigating different 
ways to extract within-organisation information on the web that will be applicable to a 
large variety of organisations. 
 
Acknowledgements. This research was supported under Australian Research Coun-
cil's Discovery Projects funding scheme (project number DP140103216). 
References 
1. Bauer, A., et al.: The autonomous city explorer: Towards natural human-robot interaction 
in urban environments. International Journal of Social Robotics. 1(2): p. 127-140 (2009) 
2. Hemachandra, S., et al.: Learning Models for Following Natural Language Directions in 
Unknown Environments. In: IEEE International Conference on Robotics and Automation 
2015. IEEE. Seattle, WA (2015) 
3. Kollar, T., et al.: Toward understanding natural language directions. In: 5th ACM/IEEE 
International Conference on Human-Robot Interaction (HRI), pp. 259-266. IEEE.  (2010) 
4. Schulz, R., et al.: Robot navigation using human cues: A robot navigation system for 
symbolic goal-directed exploration. In: IEEE International Conference on Robotics and 
Automation 2015. IEEE. Seattle, WA (2015) 
5. Chia Hui, C. and L. Shu-Ying: MapMarker: Extraction of Postal Addresses and Associated 
Information for General Web Pages. In: 2010 IEEE/WIC/ACM International Conference 
on Web Intelligence and Intelligent Agent Technology (WI-IAT), pp. 105-111.  (2010) 
6. Lin, C., et al.: Postal Address Detection from Web Documents. In: Proceedings of the 
International Workshop on Challenges in Web Information Retrieval and Integration, 2005 
(WIRI '05) pp. 40-45.  (2005) 
7. Cai, D., et al. Extracting Content Structure for Web Pages Based on Visual Representation. 
In X. Zhou, M. Orlowska, and Y. Zhang, (eds.) Web Technologies and Applications Vol. 
2642, pp. 406-417. Springer Berlin Heidelberg (2003) 
8. Asadi, S., et al. Pattern-Based Extraction of Addresses from Web Page Content. In Y. 
Zhang, et al., (eds.) Progress in WWW Research and Development Vol. 4976, pp. 407-
418. Springer Berlin Heidelberg (2008) 
9. Liu, Y., W. Liu, and C. Jiang User Interest Detection on Web Pages for Building 
Personalized Information Agent. In Q. Li, G. Wang, and L. Feng, (eds.) Advances in Web-
Age Information Management Vol. 3129, pp. 280-290. Springer Berlin Heidelberg (2004) 
10. Lafferty, J., A. McCallum, and F.C. Pereira, Conditional Random Fields: Probabilistic 
models for segmenting and labeling sequence data, In Proceedings of the 18th 
International Conference on Machine Learning 2001 (ICML 2001). pp. 282-289 (2001) 
11. Cai, W., S. Wang, and Q. Jiang Address Extraction: Extraction of Location-Based 
Information from the Web. In Y. Zhang, et al., (eds.) Web Technologies Research and 
Development - APWeb 2005 Vol. 3399, pp. 925-937. Springer Berlin Heidelberg (2005) 
12. Borges, K.A.V., et al., Discovering geographic locations in web pages using urban 
addresses, In Proceedings of the 4th ACM workshop on Geographical information 
retrieval. ACM, Lisbon, Portugal. pp. 31-36 (2007) 
13. Okazaki, N., CRFsuite: a fast implementation of Conditional Random Fields (CRFs), 
http://www.chokkan.org/software/crfsuite/ 
 
